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SYSTEM AND METHOD FOR VIDEO
CONTENT ANALYSIS USING DEPTH
SENSING

CROSS-REFERENCE TO RELATED
APPLICATION

This application claims the benefit of priority to U.S. Pro-
visional Patent Application No. 61/587,186, filed Jan. 17,
2012, the contents of which are incorporated herein by refer-
ence in their entirety.

BACKGROUND

1. Field

This disclosure relates to a system for performing video
content analysis (VCA) using depth information.

2. Background

In a video content analysis (VCA) system, video streams
are analyzed to identify and classify objects, and to determine
physical and temporal attributes of the objects. As a result, a
log of analytics data may be stored. The analytics data may be
used to determine events that occur in the real world, to aid in
searching for objects or detected events, and for other pur-
poses. An example of'a VCA system is described in U.S. Pat.
No. 7,932,923, issued to Lipton et al. on Apr. 26, 2011 (the
’923 patent), the contents of which are incorporated herein by
reference in their entirety.

For example, in a video surveillance system at a facility
including an automated teller machine (ATM), objects such
as people at the facility can be detected and tracked, and
information about the people, such as an amount of time spent
by an individual at a particular location, such as the ATM, at
the facility can be collected.

Some existing systems use RGB (red green blue), CMYK
(cyan magenta yellow key), YCbCr, or other sensors that
sense images in a two-dimensional manner and perform
analysis of those images to perform object and event detec-
tion. Other existing systems use depth sensors, to generate
three-dimensional data or depth maps, which are then ana-
lyzed using different software in order to perform object and
event detection. In some ways, the systems that use depth
sensors are more accurate than the two-dimensional systems.
For example, the depth sensor systems may obtain more
accurate three-dimensional information, and may deal better
with occlusions. However, depth data and images determined
by depth sensor systems are generally lower in resolution than
RGB data, and may therefore include fewer details than RGB
images. In addition, depth sensors are a relatively new tech-
nology for video analysis, and are still prone to error in
determining three-dimensional coordinates. Further, certain
information resulting from depth sensors often remains
incomplete, such as depth information for objects with specu-
larities, or depth information for featureless surfaces
extracted from stereo.

Certain systems may combine both depth and RGB data in
order to perform analysis on complex three-dimensional
scenes. For example, as described in U.S. Pat. No. 7,831,087,
depth data and optional non-depth data are used to generate a
plan-view image, which plan view image can then be ana-
lyzed by classifying objects in the plan view image. However,
systems such as this, which perform complex analysis on
depth data and optional additional data in order to perform
object detection or event detection, still suffer from the prob-
lems above relating the drawbacks of depth sensor systems.
For example, some of the depth data may be missing or may
be inaccurate, resulting in an analysis of faulty data. In addi-
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2

tion, performing analysis on three-dimensional data gener-
ally requires more complex algorithms and may require a
complete re-design of hardware and/or software that per-
forms the analysis, compared to more traditional two-dimen-
sional image analysis systems.

The embodiments described here address some of these
problems of existing systems, and provide a simplified way to
use depth data to assist in image analysis and video content
analysis. As a result, a less complex and more accurate system
and method for detecting and tracking objects is achieved.

SUMMARY

The disclosed embodiments provide a method and system
for analyzing video and performing depth-enhanced video
content analysis.

In certain embodiments, a method includes receiving two-
dimensional image data and depth data at a video content
analysis system, performing video content analysis on the
two-dimensional image data, and then using the depth data
along with the results of the video content analysis of the
two-dimensional data for tracking and event detection. As a
result, depth-enhanced video content analysis is performed. A
system is also disclosed for performing one or more of the
various exemplary methods described herein.

BRIEF DESCRIPTION OF THE DRAWINGS

Example embodiments will be more clearly understood
from the following detailed description taken in conjunction
with the accompanying drawings. The figures represent non-
limiting example embodiments as described herein.

FIG. 1 shows a camera system that can be calibrated to
assist in determining the scale and sizes of objects in the field
of view, according to one exemplary embodiment.

FIG. 2 shows a conceptual block diagram of a video sur-
veillance system and method using one or more sensors that
capture two-dimensional (2D) image data and depth data,
according to certain exemplary embodiments.

FIG. 3 depicts an example of depth information that can be
used in a video content analysis system, according to certain
embodiments.

FIG. 4A depicts an exemplary mapping of some samples of
image pixels in a blob onto a number of Z-planes in 3D space.

FIG. 4B depicts one example of how to map a pixel in an
image blob onto a corresponding Z-plane in physical space,
according to one embodiment.

FIGS. 5A-5B show examples of two separate groups of
pixels in a Z-plane, according to certain exemplary embodi-
ments.

FIGS. 6A-6C show exemplary methods of computing the
distance between a pixel and convex null, according to certain
embodiments.

FIG. 7 shows a method of determining a blob convex hull
on a Z-plane for one camera location, according to certain
exemplary embodiments.

FIG. 8 shows another example of determining a blob con-
vex hull on a Z-plane for another camera location, according
to certain exemplary embodiments.

FIG. 9 depicts an example of an image blob and its pro-
jected convex hull slices on a list of corresponding Z-planes,
according to one exemplary embodiment.

FIG. 10 shows one example of how to remove shadows in
an image blob, according to one exemplary embodiment.

FIG. 11 shows a method of performing blob split on a
two-dimensional image using depth information associated
with the blob, according to one exemplary embodiment.
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FIG. 12 shows an example of how to merge two falsely
separated image blobs, according to one exemplary embodi-
ment.

FIG. 13 shows one example of an application of a com-
bined calibration and depth detection system such as
described in FIGS. 1-12, according to one embodiment.

FIG. 14 shows another example of an application of a
combined calibration and depth detection system such as
described in FIGS. 1-12, according to one embodiment.

FIG. 15 shows another example of an application of a
combined calibration and depth detection system such as
described in FIGS. 1-12, according to one embodiment.

FIG. 16 shows another example of an application of a
combined calibration and depth detection system such as
described in FIGS. 1-12, according to one embodiment.

FIG. 17 depicts an exemplary method of performing video
content analysis using depth sensing, according to certain
exemplary embodiments.

FIGS. 18A-18B show another example of an application of
a combined calibration and depth detection system such as
described in FIGS. 1-12, according to one embodiment.

DETAILED DESCRIPTION

The present disclosure will be described more fully here-
inafter with reference to the accompanying drawings, in
which various embodiments are shown. The invention may,
however, be embodied in many different forms and should not
be construed as limited to the embodiments set forth herein.
In the drawings, like numbers refer to like elements through-
out.

It will be understood that when an element is referred to as
being “connected” or “coupled” to or “in communication
with” another element, it can be directly connected or coupled
to or in communication with the other element or intervening
elements may be present. In contrast, when an element is
referred to as being “directly connected” or “directly
coupled” or “in direct communication with” another element,
there are no intervening elements present. As used herein, the
term “and/or” includes any and all combinations of one or
more of the associated listed items and may be abbreviated as
“r.

It will be understood that, although the terms first, second,
etc. may be used herein to describe various elements, these
elements should not be limited by these terms. Unless indi-
cated otherwise, these terms are only used to distinguish one
element from another. For example, a first signal could be
termed a second signal, and, similarly, a second signal could
be termed a first signal without departing from the teachings
of the disclosure.

The terminology used herein is for the purpose of describ-
ing particular embodiments only and is not intended to be
limiting of the invention. As used herein, the singular forms
“a”, “an” and “the” are intended to include the plural forms as
well, unless the context clearly indicates otherwise. It will be
further understood that the terms “comprises” and/or “com-
prising,” or “includes” and/or “including” when used in this
specification, specify the presence of stated features, integers,
steps, operations, elements, and/or components, but do not
preclude the presence or addition of one or more other fea-
tures, integers, steps, operations, elements, components, and/
or groups thereof.

Unless otherwise defined, all terms (including technical
and scientific terms) used herein have the same meaning as
commonly understood by one of ordinary skill in the art to
which this disclosure belongs. It will be further understood
that terms, such as those defined in commonly used dictio-
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naries, should be interpreted as having a meaning that is
consistent with their meaning in the context of the relevant art
and/or the present application, and will not be interpreted in
an idealized or overly formal sense unless expressly so
defined herein.

This disclosure includes particular terminology and
descriptions that relate to video surveillance and analysis.
The descriptions are intended to provide a framework for
certain terms and concepts, and are not intended to limit the
scope of this disclosure unless explicitly stated.

VCA systems may use cameras that are calibrated in order
to detect and identify objects. For example, rather than simply
detecting an object based on its relative dimensions, which
can represent, for example, a shape of an automobile or a
shape of a human being, calibrated VCA systems are able to
detect a shape of an object as well as its real-world size. As a
result, the system can more accurately detect certain objects.
For example, in a non-calibrated system, a VCA system for
counting a number of people that appear in a frame of a video
stream may count the shapes of both actual people, and of
miniature dolls in the frame as people. To avoid this sort of
error, VCA systems can be calibrated to provide scale and
determine the actual sizes (e.g., actual height and width
dimensions) of objects, which improves analysis accuracy.

As one example, FIG. 1 shows a camera system that can be
calibrated to assist in determining the scale and sizes of
objects in the field of view. To calibrate the camera system,
parameters such as camera height (H), vertical and horizontal
camera field of view angles (8, 8,,), and camera tilt angle (o)
can be used. These parameters could be determined by direct
measurement, camera specifications, or other calibration pro-
cesses. For examples of calibration procedures, see the *923
patent, and see also U.S. Pat. No. 7,801,330, issued to Zhang
etal. on Sep. 21, 2010, the contents of which are incorporated
herein by reference in their entirety. Using these parameters
and other information, such as detected outer boundaries of
an object (e.g., a top and bottom of a person), the camera
system can generally determine the real world size and shape
of an object for identification purposes.

However, even a calibrated camera system can have some
difficulties detecting real-world objects. For example, to
determine an actual height of an object, such as a person, a
calibrated system may search for the top of the object (e.g.,
the person’s head) and the bottom of the object (e.g., the
person’s feet). However, part of a person’s body, including
the feet may be occluded by one or more objects, such as, for
example, another person, or a shopping cart. In this case, the
system may not be able to detect certain information about the
person, such as the person’s height. For example, if a second
person is standing behind a first person, even if the system
detects the second person, for example, based on an algorithm
that detects human heads or faces, the system may not nec-
essarily know the height of the second person. The second
person may be taller than the first person and standing very
close to the first person, or the second person may be shorter
than the first person, but standing further away from the
second person. In either case, however, the camera only sees
the first person and the second person’s head just above the
first person.

Another example where a calibrated system may errone-
ously detect people or other objects is when shadows or
reflections are involved. A calibrated camera system may see
a shadow or reflection, and may determine, erroneously, that
it is an actual person.

To remedy these problems, in one embodiment, a depth
sensor is used together with the calibration information to
help determine the real world height or size of an object. The
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depth sensor information can then be used to supplement, or
verify information collected or determined by the calibrated
camera system.

As opposed to inferring distance based on geometric equa-
tions, certain depth sensors determine the distance of objects
from a sensor device by obtaining a direct measurement. For
example, the measurement may be made using an infrared
projector and a monochromatic CMOS sensor. An exemplary
system for determining depth of objects in a three-dimen-
sional space is described in U.S. Patent Application Publica-
tion No. 2010/0199228, to Latta et al., published on Aug. 5,
2010, the contents of which are incorporated herein by refer-
ence in their entirety. However, depth determination is not
limited to the method disclosed in Latta et al., and depth can
be determined based on a plurality of different sources, such
as lidar, stereopsis, or structured light, for example.

In one embodiment, depth information can be used to
supplement camera image information to determine the iden-
tity of certain objects. For example, in one embodiment,
camera image information can be used to determine all poten-
tial human beings in a camera’s field of view. For example, a
calibrated camera system may be configured to detect objects
that are not part of the background (e.g., moving objects) and
that have a shape approximately the same shape as a human
being. Depth sensor information can then be used to deter-
mine a real-world height or size of each object detected as a
potential human being, and as a result, the number and loca-
tion of actual human beings can be more accurately deter-
mined, for example, based on the potential human being
objects that are above a certain height or that occupy a certain
threshold volume. As an alternative, the depth sensor infor-
mation can be used as a filter to count certain groups of
people, for example, if only adults are desired to be counted.

Many methods have been proposed on using depth data to
perform scene analysis. In U.S. Pat. No. 8,238,607 and U.S.
Patent Application Publication No. 2012/0314905, for
example, stereo videos are used to generate disparity map and
depth map, and human detection and tracking are performed
on the computed depth map. In U.S. Pat. No. 7,831,087,
“Plan-View” images are generated from both depth data and
non-depth data, and object detection is performed on the
“Plan-view” images through “Plan-view” templates. In U.S.
Pat. No. 8,320,621 and U.S. Patent Application Publication
No. 2012/0197393, a new 3D imaging device RGBD sensor
is introduced which can provide both RGB and Depth com-
ponents for each pixel on the image. Humans and human
body parts are detected and tracked on the depth map. In U.S.
Patent Application No. 2005/0201612, stereo images are used
to produce a height map, the human objects are detected by
detecting heads using connected component analysis on the
height map. In U.S. Patent Application Publication No. 2012/
0293635, the above RGBD sensor is used to detect the head
pose, and the head position and orientation are estimated by
tracking head feature points in 3D space.

Most of the prior art performs the object detection and
tracking in the depth space or 3D space. This usually results in
a lower resolution and lost details on the objects of interest.
Further, the accuracy and quality of the depth data is usually
not as good as those RGB image data, and methods of how to
deal with the noise and incompleteness of the depth data in the
scene analysis have not been well addressed. In addition,
processing for object detection and tracking using 3D space
data for a whole scene can be computationally complex or
even prohibitive. In the present application, a way to use
aligned depth data to assist in object detection/tracking under
the existing non-depth sensor framework is proposed. The
approach is based on the existing RGB image sensor based
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framework, and uses additional depth information to solve or
alleviate certain existing problems. The object detection and
tracking is still performed on the traditional non-depth 2D
image space, and the depth data is used to provide physical
location and size information on objects of interest to help the
object detection, segmentation, classification and tracking
processes.

FIG. 2 shows a conceptual block diagram of a video sur-
veillance system 200 and method using, for example, an
RGBD sensor or one or more other sensors that capture two-
dimensional dimensional (2D) image data and depth data. In
one embodiment, RGBD video frames are captured by and
received from a calibrated RGBD sensor 201. Though one
sensor is shown in FIG. 2, video frames may be received from
a plurality of sensors. For each image pixel of a video frame,
the RGB components and the depth component may be deter-
mined. The RGB components and the depth component may
come from a same device, like the one introduced in U.S. Pat.
No. 8,320,621, or from separated devices and computed
through additional procedures, for example, by a disparity
map from stereo cameras. Although RGB type data is mainly
discussed herein, the 2D image data captured by a camera and
used in the video content analysis system and method dis-
closed herein can be other types of color data or other types of
2D data. RGB is used herein merely as an example.

In one embodiment, the RGB components 204 may be
processed by existing video content analysis algorithms, such
as like described in U.S. Pat. No. 7,825,954, to Zhang et al.,
published on Nov. 2, 2010, the contents of which are incor-
porated herein by reference in their entirety. As such, the
system may analyze the 2D (e.g., RGB) components 204 to
first perform motion and change detection (step 205) to sepa-
rate foreground from background. For example, in one
embodiment, pixels that are detected as moving are indicated
to be foreground data (e.g., by being labeled with a logic
value, such as “1”), and pixels detected as non-moving are
indicated to be background data (e.g., by being labeled with a
different logic value, such as “0”). The output of step 205 may
include a foreground mask for each frame. Next, the fore-
ground regions may be divided into separate blobs by blob
extraction (step 206). During blob extraction, in one embodi-
ment, the individual foreground pixels are grouped spatially.
Foreground pixels that are touching or close to each other are
assumed to correspond to the same object and are combined
into a single blob. As a result, for each frame, one or more
blobs may be detected. Each blob or a part of each blob may
correspond to one or more targets at each timestamp (where,
for example, a particular timestamp may be associated with a
frame of the video). In target tracking step 207 targets may be
detected based on the blobs extracted in step 206, and each
target may be tracked, where each target may correspond to
an object in the scene that is desired to be tracked. The depth
component 203 is used here to provide a more accurate deter-
mination of which blobs correspond to targets, as opposed to,
for example, which blobs correspond to objects that are not
targets and do not need to be tracked. Additionally, the depth
component 203 may be used to better distinguish different
targets from each other. Finally, event detection step 208
performs event detection based on user-defined rules and the
targets detected and tracked in step 207. In the embodiments
discussed herein, depth-enhanced video content analysis can
be performed in real-time, or may be performed on video
sequences stored previously, for example, by aDVR,NVR, or
other recording equipment attached to a camera, or in a cen-
tral computer system.

In one embodiment, one or more video cameras/depth
sensors may be networked or otherwise in communication
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(e.g., hard wired or wirelessly) with a server (not shown).
Each video camera may include a processor to perform video
content analysis of the corresponding video images taken.
The content analysis may analyze the two dimensional video
image data with the depth information provided by the depth
sensor associated with the video camera, and may also ana-
lyze the two dimensional video image data alone. On camera
processors of each video camera may perform such content
analysis to generate video primitives, also referred to herein
as metadata, and stream the video primitives/metadata to the
server. The video primitives/metadata may represent detected
objects, detected classification and/or characteristics of the
detected objects and/or actions and/or events (e.g., of the
detected objects) detected in the corresponding video. The
video primitives, or metadata, may be associated with each
frame of the video sequence. By way of example, see U.S.
Pat. No. 7,868,912 issued to Venetianer et al. and U.S. Pat.
No. 7,932,923 issued to Lipton et al., both of which are
incorporated herein by reference in their entirety, for exem-
plary details of video primitive (or metadata) generation and
downstream processing (which may be real time processing
or later processing) to obtain information from the video,
such as event detection, using the generated video primitives.
Depth data associated with the video image data may be
provided to the server as metadata along with other metadata.
Alternatively and/or in addition, height data derived from the
depth data (e.g., from on camera processing) may be provided
to the server as metadata along with other metadata. The
depth metadata and/or height metadata may be associated
with detected objects and may include depth and/or height of
multiple elements of the detected object. The depth and/or
height data and other metadata obtained from on camera
processing of the video image data of the corresponding
video camera may be streamed to the server.

Alternatively, the one or more video camera/depth sensors
may provide recorded video and associated depth data to the
server or another computer without processing. In this
example, each camera may stream to a server or to another
computer the video image data together with the depth data.
The server or the other computer may then process the video
image data and depth data provided by the video cameras/
depth sensors. Such processing may also generate metadata
derived from the video image data and depth metadata and/or
height metadata as described previously.

The metadata may be processed to classify objects, and to
detect actions and events without reprocessing the original
video image data. Upon detecting an action/event of interest,
the original video image data may be accessed by a user to
verify the action/event detection or to review for other pur-
poses.

As aresult of the above steps, the following method may be
performed. First, a video sequence that includes a plurality of
frames may be captured, for example, by an RGBD sensor,
such as a camera having depth detection capabilities. Each
frame may include a video image that includes depth-en-
hanced video data. For each frame, two-dimensional (2D)
image data (e.g., RGB data) may be extracted, and also depth
data may be extracted. The 2D image data and depth data may
then be transmitted to and received by a video content analy-
sis system (e.g., one or more processors executing one or
more algorithms for analyzing video content). The 2D image
data of the video sequence may then be processed to differ-
entiate foreground data from background data and to detect
one or more blobs comprised of the foreground data. The one
or more blobs may correspond to one or more real-world
objects, and correspond to one or more potential targets. For
each detected blob, the depth data may be used to determine
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whether at least part of the blob corresponds to at least part of
a target, or to determine whether to track at least a part of the
blob as a target. For example, it may be determined that an
entire first blob corresponds to a single real-world object, and
so that the first blob is determined to correspond to a first
target. Alternatively, it may be determined that a first blob
actually corresponds to two different real-world objects, and
so part of that first blob is determined to correspond to a first
target, and another part of the first blob is determined to
correspond to a second target. In a third case, a blob may be
determined to correspond to only part of a real-world object,
and so that blob and an additional blob may collectively be
determined to correspond to a single target.

Afterit is determined that at least part of a blob corresponds
to at least part of a target, the target is tracked and at least one
event associated with the target is detected.

Stated in a different way, as discussed in the examples
above, a video sequence may be received that includes a
plurality of frames, each frame including a video image. For
each frame, image data of the video image and also depth data
associated with the video image may be received (e.g., it may
be extracted from the video sequence and received by a video
content analysis system). The image data may then be ana-
lyzed to detect one or more objects depicted in the video
sequence (e.g., a blob may be extracted, and the system ini-
tially assumes that the blob corresponds to a real-world object
in the video sequence, for example, by treating the blob as a
potential target). Next, using the depth data along with the one
or more detected objects, at least a first object of the one or
more detected objects is classified as an object to be tracked.
For example the first object may be classified as a personto be
tracked, an adult to be tracked, a vehicle to be tracked, etc. The
object to be tracked may be treated as a target. Next, tracking
is performed on at least the first classified object. Finally,
event detection analysis is performed on the first classified
object. In certain embodiments, the video content analysis
described above is automatically performed by a computer
system, such as a video content analysis system.

In one embodiment, the depth data 203 is mainly used in
step 207 to help the target detection and tracking processes.
The inputs to step 207 may be foreground image blobs
extracted from the video frames based on change and motion
detection. Each image blob may include a group of connected
foreground pixels representing all or part of a physical object,
or multiple physical objects. A correct understanding on what
each image blob represents is important for the overall system
performance. The disclosed embodiments use the depth data
to help make the correct decision in step 207 regarding which
targets to track.

FIG. 3 depicts one example of depth information that can
be used to assist in deciding which targets to track. For
example, FIG. 3 shows a camera device 301 mounted at a
particular location (e.g., a ceiling). The camera device has a
particular height (H), vertical and horizontal camera field of
view angles (8., 0;), and camera tilt angle (). The camera
device may include, for example, an image capture portion,
such as a standard digital or analog camera, and a depth
detection portion, such as an infrared detector as described
above, stereo vision technology, or other known devices for
directly measuring the depth and distance of objects in a
three-dimensional space. In one embodiment, for example,
camera device 301 is a calibrated RGBD sensor with a known
camera height H, tilt up angle o, and image horizontal and
vertical field of views (e.g., known field of view angle and
known number of pixels in the field of view). In one embodi-
ment, an object (OB) has a particular shape and a height (h).
The height may not be initially known based on 2D data



US 9,247,211 B2

9

alone. To determine the height, a depth map may be created
for the pixels that correspond to a detected blob that repre-
sents the person. In one embodiment, each pixel of a blob may
be associated with a particular three-dimensional real-world
coordinate that indicates the actual location of the object or
part of the object that the pixel represents. As such, the dis-
tance between the camera and each real-world object repre-
sented by one or more pixels can be determined, and using the
calibration information and the distance, a height of each
pixel or each object represented by one or more pixels can be
determined.

As shown in FIG. 3, a three-dimensional coordinate, and
thus a real-world height, at point A, which may correspond in
one embodiment to the top of a person’s head, can be deter-
mined by applying geometric equations that include as vari-
ables the calibration values (H, c., 0, and 0 ) and the distance
(d), also referred to herein as depth. As a result of the deter-
mined height, additional filtering or analysis can be per-
formed. For example, a better determination can be made as
to whether the object is actually a person (e.g., as opposed to
a shadow or reflection).

In one embodiment, the physical properties associated
with an image blob are estimated by mapping some samples
of the image pixels in the blob onto a number of Z-planes in
3D space as illustrated in FIG. 4A. Each Z-plane corresponds
to a physical plane parallel to the ground plane. Each point on
a Z-plane will have the same physical height in 3D space. The
process quantizes the 3D space along the Z axis into a number
ot 2D planes which are named as Z-planes. The quantization
step and the number of Z-planes used may depend on the
physical size of the object under investigation. For example,
the quantization step can be one foot for human size targets.
The quantization step may also depend on some specific
requirements of a particular desired detection scheme. For
example, if one wants to detect a left behind bag that may be
less than one foot in height, a smaller quantization step may
be used.

FIG. 4B illustrates one example of how to map a pixel in an
image blob onto the corresponding Z-plane in physical space.
This mapping method may be implemented using a camera
device 401 similar, for example, to that discussed above in
connection with FIG. 3. In one embodiment, for example,
camera device 401 is a calibrated RGBD sensor with a known
camera height H, tilt up angle o, and image horizontal and
vertical field of views (e.g., 6, and 0,). Both the RGB image
of video frames and the depth measure for each pixel are
provided by the sensor. For example, a human object 402 in
the view may be detected as an image blob 403 after step 206
of'the method 200 in FIG. 2. For one particular pixel a(x,y) in
the image blob 403, the positional direction of the pixel from
the camera’s point of view 404 can be computed based on its
image position (x,y) and the known camera horizontal and
vertical field of views. This directional information is then
combined with the camera height H, the tilt up angle a, and
the pixel depth data d to compute the corresponding 3D
location (X, Y, h). Once this 3D location is determined, then
the point A(X,Y) can be projected onto the closest Z-plane to
the height h. The point A(X,Y) becomes one of the sample
points of the blob 403 on that plane (e.g., indicated as the
Z.-plane 405 in FIG. 4B).

One advantage of the disclosed embodiments is that not
every pixel in the RGB image needs to be mapped onto the
Z-planes. For example, in one embodiment, only the fore-
ground pixels that represent the image blobs are to be pro-
jected onto the discrete Z-planes, and background pixels do
not need to be projected onto Z-planes. In addition, because
the number of Z-planes mapped is quantized, not every pixel
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associated with a blob needs to be projected onto a Z-plane.
Further, as described further below, convex hulls may be used
to represent the object regions on Z-planes. One convex hull
may be approximated by a few pivot points, and not every
pixel of a blob in a particular Z-plane needs to be sampled in
order to form the convex hull. Thus pixel sampling may be
performed for each frame and within each image blob to
further reduce the computational complexity. In addition, this
approach relies less on the accuracy and completeness of the
depth data on every image pixel, and is thus more robust
despite inaccuracies that may be associated with the depth
information.

The samples on a Z-plane mapped from the corresponding
pixels from the same image blob may form different spatial
regions on the Z-plane because they may correspond to spa-
tially separated objects. FIG. 5A shows one example of two
separate sample groups on a Z-plane. A clustering process
may be used to group these Z-plane samples into separate
regions as illustrated, for example, in FIG. 5B. In one embodi-
ment, a fast clustering method using the convex hull blob
representation is performed. A convex hull may be used to
represent each sample cluster. Its convex boundary defines
the object blob on the Z-planes. In one embodiment, the
physical distance between a sample and an existing sample or
cluster is used to perform the clustering.

FIGS. 6A-6C illustrate an example of a definition of the
distance between a sample point and an existing, already-
determined convex hull region, and the method to compute
the distance. In F1G. 6 A, 601 is the convex hull of one existing
cluster, 602 is the current sample under consideration, if 602
is inside 601, the distance is considered as 0. If the current
sample point is outside of an existing cluster, as illustrated in
FIGS. 6B and 6C, the closest pivot point may be searched for
first, then the current sample point may be projected on to the
two boundary lines which contain the closest pivot point.
There are two cases in this scenario, as shown in FIGS. 6B and
6C. InFIG. 6B, 603 is the current sample under consideration,
604 is the closest pivot point, 605 and 606 are the two bound-
ary lines containing 604, and 607 and 608 are the two projec-
tion points (e.g., each is the closest point between sample
point 603 and its respective boundary line 605 or 606). In this
case, both projection points are on the extension portions of
the lines 605 and 606, not on the actual boundary of the
convex region. The distance to the closest pivot point is then
used as the distance to the cluster. In FIG. 6C, 609 is the
current sample under consideration, 610 is the closest pivot
point, and 611 and 612 are the two boundary lines containing
610. In this case, 613 is the projection point of 609 on 612 and
it is on the boundary of the convex hull. Thus the distance
between 609 and 613 is considered as the distance between
the sample point and the existing cluster. As a result of these
calculations, the distance between the sample point 603 and
the cluster can be thought of as a minimum distance among
(1) the distance between the sample point 603 and a closest
pivot point, and (2) a shortest distance between the sample
point 603 and a convex hull boundary.

A physical distance threshold may be used to determine
whether a sample point outside the cluster should belong to
the cluster. Thus the clustering process can be described as
follows. Given a list of sample points on a Z-plane which are
mapped from sample pixels from an image blob, select a first
sample and consider it as the first sample cluster. Then iterate
through all the remaining sample points. For a given sample
point, compute its distance to all the existing blob clusters. If
the distance to a cluster is less than a distance threshold
predetermined as a parameter, update this cluster by includ-
ing this sample into the cluster convex hull. If one sample
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belongs to multiple clusters, merge all the corresponding
cluster convex hulls into a new cluster. If a sample does not
belong to any existing clusters, create a new cluster using the
current sample. The exemplary method is a one-pass cluster-
ing process, and the distance computation only involves a
limited number of pivot points. As a result, the clustering
process, and the resulting target detection and tracking is
computationally efficient.

Since a typical RGBD camera is not able to see through an
object, a self-occlusion issue often occurs in the 3D space
representation of an object. FIG. 7 depicts an exemplary
method of addressing this self-occlusion problem. FIG. 7
shows a Z-plane 701 determined based on a camera location
702. The pivot points of an observed convex cluster obtained
through the above mapping process are marked as “+”. For
example, one of these pivot points is indicated as 703. Look-
ing from the camera 702 point of view (wherein the camera is
placed a particular distance in the X-Y direction from the
object represented by the cluster), 704 is the right most pivot
point and 705 is the left most pivot point. These two points are
used to determine the self-occlusion line 706. Next, for all the
pivot points between the self-occlusion line and the camera,
their mirror points on the opposite side of the line 706 are
computed and marked as “x”, for example, 707 is the mirror
point of 703. The final convex cluster 708, is determined by
both the original pivot sample points and the mirror sample
points. The object self-occlusion is more severe when the
camera view is oblique.

In certain embodiments, a camera position may be directly
above part of an object, or almost directly above the object.
FIG. 8 shows an almost overhead camera view case, where
801 is the Z-plane, and 802 is the projected camera on the
Z-plane. Although there is still a self-occlusion line 803, no
extra mirror pivot points are generated because the camera
802 is inside a Z-plane blob cluster and is very close to the
self-occlusion line. As described above, the self-occlusion
line is the line between a left-most and right-most point, so the
self-occlusion line may stay the same for the different camera
angles, even though different angles may show more or less
2D image data of an upper surface of an object. Thus, the
amount of self-occlusion compensation on each Z-plane is
adaptive to the camera position and viewing direction, and
this compensation process can provide a more accurate mea-
surement on the projected physical size of the object on each
Z-plane.

FIG. 9 illustrates an example of an image blob and its
projected convex hull slices on a list of corresponding
Z-planes. The physical volume of the image blob can be
further computed using these convex hull slices on the
Z-planes. For a given image blob, assuming there are N
Z-planes denoted as Z, Z,, . . . , Z._,, and on each plane Z,,
the corresponding convex hull slice area is S;, then the physi-
cal volume of the blob can be estimated as:

N=2

V= S+ S (Zn — ) /2
i=0

The physical volume measurement may be used, for
example, to perform target filtering and target classification.
For example, it can increase the confidence on detecting a
human object. A human blob should have a physical volume
close to an average physical human. The change of human
postures will change the image appearance but typically will
only have small impact on the human volume. Meanwhile,
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the human pose change can be detected by tracking the
changes of physical height and the projected areas on differ-
ent Z-planes. The physical height and volume measurements
can also be used to distinguishing different types of people
from others, such as children from adults.

The physical volume measure may also be used to filter out
spurious foreground blobs caused by illumination factors,
such as shadows and reflections. These types of non-legiti-
mate blobs usually have little physical volume. The physical
height and volume information can be used to detect other
types of targets such as vehicles or shopping carts, for
example. The physical sizes at different Z-planes are strong
cues to detect objects with different physical size and shapes.
Just using a height map without volume information may
incorrectly detect certain blobs, such as a shadow on a wall, as
a person.

FIG. 10 shows one example of how to remove shadows in
an image blob. An RGB image 1001 may include a detected
foreground image blob 1002, which corresponds to both a
human object and its shadow casting on the ground. Without
the depth analysis, the system would have difficulty under-
standing what type of object the blob represents. Therefore, in
one embodiment, to remove the impact of shadow, first, the
image blob is projected onto a number of Z-planes indicated
as 1003, 1004, and 1005. A height threshold 1006 is used
separate the Z-planes into ground plane and non-ground
planes. Blob slices 1007 and 1008 on the non-ground planes,
and blob slice 1009 on the ground plane are determined as
blob slices for the blob 1002. The blob slice on the ground
plane is likely to be a shadow or reflection. Therefore, to
remove the potential shadow and reflection from consider-
ation, the blob slices 1007 and 1008 are projected on to the
ground plane, for example, from a top-down view. The pro-
jected regions create an overlapping region 1010 with the
original ground-plane blob slice 1009. The overlapping
region 1010 is then used as the estimated blob slice represent-
ing the actual object on the ground plane, instead of the
original blob slice 1009. Blob regions 1007, 1008 and 1010
can then be projected back onto the image 1001 to refine the
original blob 1002 to appear as blob 1011, where most of the
shadow part is ignored. The physical volume of the refined
blob 1011 can be also computed using 1007, 1008 and 1010.

Dueto the camera viewing perspective, multiple targets not
close to one another may be connected in an RGB image and
appear as a single blob. In one or more embodiments, they can
be separated in the RGB image by using the depth data. FIG.
11 illustrates a method of splitting a single blob of an RGB
image corresponding to multiple targets using the depth infor-
mation associated with the blob. An RGB image 1101
includes a detected foreground image blob 1102, which con-
tains two human targets that are separated in physical space.
In the RGB image space, however, these two human objects
are connected and it is difficult for the system to understand
whether there is a single large human target or there are
multiple human targets with occlusions. Though techniques
like facial recognition may be used in some cases to resolve
this question, in some cases, facial recognition may fail (e.g.,
if the two people have their backs to the camera). By mapping
the image blob on to a list of Z-planes 1103, 1104 and 1105,
the system may determine that on some Z-planes 1104 and
1105, the two human objects are separated as they are clus-
tered into different blob regions, indicated by 1107, 1108,
1109 and 1110. This is because in reality, the two objects are
separated in space. The depth data is used to separate them out
on the Z-planes during the video content analysis. This sepa-
ration in Z-planes provides strong evidence that the image
blob 1102 consists of two human objects instead of one. The
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separated blob regions on the list of Z-planes are then grouped
into two physical objects by checking their spatial overlaps.
Those regions whose projected region on the ground plane
overlaps with each other may be considered as from the same
physical object. For the object (1108, 1109) that does not have
a ground plane blob region, the projection from its top plane
region 1111 may be used to indicate its ground location. Thus
in this example, 1106, 1107, and 1110 correspond to one
human object 1112, and 1108, 1109, and 1111 determine
another human object 1113 in image 1101. The blob regions
of 1112 and 1113 may be obtained by back-projecting their
corresponding blob regions on the Z-planes onto the original
image. As a result, the physical measurements of the targets
represented by the two blobs may be obtained.

In some other scenarios, a single foreground object may be
occluded by a static background object, or part of the object
looks so similar as the background that the system may miss-
detect that part as foreground. When these happen, the RGB-
based system will likely break a single image object into
multiple image blobs. This type of problem may also be
solved by the depth analysis. FIG. 12 shows an example of
how to merge two falsely separated image blobs, according to
one embodiment. An RGB image 1201 includes a static back-
ground object 1204 which occludes a human object in the
scene and causes the system to detect two separated blobs
1202 and 1203. These two image blobs are projected onto the
Z-planes 1205, 1206 and 1207. Blob 1203 has a correspond-
ing blob slice 1208 on Z-plane 1205, while blob 1204 has
corresponding blob slices 1209 and 1210 on the other two
Z-planes. When projecting these blobs onto the ground
Z-plane, they all overlap with one another. Further, the physi-
cal volume measured by these projected regions on the
Z-planes is very close to that of ahuman object. This provides
strong evidence that 1202 and 1203 actually correspond to the
same human object. Thus a blob merge operation may be
performed in the image 1202 to create a single blob 1212
which can be classified as a target such as an individual
human object.

One example of a general application of the combined
calibration and depth detection system is shown in FIG. 13.
As shown in FIG. 13, a height threshold can be applied to
detected objects, and can be used to create a target map after
the height threshold has been applied. For example, in situa-
tion 310, two people stand close together, one occluding part
of the other. By applying calibration information and mea-
sured depth information to a captured image, a camera device
or camera system can determine first that the image is of two
targets, and second the height of both targets, and as a result,
determines that two people are represented in the captured
image. A resulting mapping of the people in the space (a depth
map, or height map) can be generated. For example, the
mapping may represent a top-down, two-dimensional view of
a space, specifically showing the people above a certain
height within the space and their location within the two-
dimensional view.

In situation 320, however, one person stands in a space, but
the person’s shadow also appears on the floor. Because the
depth detection can be used to remove the effects of the
shadow (e.g., as discussed above), the shadow can be omitted
from the mapping of people in the space in the depth map.
Similarly, in situation 330, one person is partially occluded by
a shopping cart, which also has a round object that may be
detected as a potential person’s head. However, after a height
threshold is applied, the round object is assumed to not be a
person and is not tracked, and the person is determined to be
an actual person and can be tracked. As a result, only one
person is included in the mapping of people after the height
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threshold has been applied. In each of these examples (320
and 330) a vision only person counting system (without depth
detection) may have counted two people, thus over-counting
the number of people in two of the examples.

After objects are identified as targets, those targets may be
tracked within a scene in a video. However, because of the
height mapping, the tracking may be analyzed from a top-
down, two-dimensional perspective, even though there is no
camera capturing images from a top-down view looking
directly down at the scene. In one embodiment, a standard
Kalman filter can be used to track the location of each object.

Event detection can then be performed based on the
detected objects and their tracking information. For example,
a virtual tripwire, as described in U.S. Pat. No. 6,696,945,
issued to Venetianer et al. on Feb. 24, 2004, the contents of
which are incorporated herein by reference in their entirety,
can be used to perform counting of people moving in or out of
a certain area. An example of a virtual tripwire is shown in
FIG. 14.

Another example of a general application of the above
embodiments is to perform object tracking to determine when
aperson falls down. For example, a captured image may have
the shape and size of a person, but the depth information
showing that the person’s head is near to the ground (e.g., one
foot off the ground), may indicate that a person has fallen
down or is lying down. As a result, the person can be mapped
into the two-dimensional overhead view as long and narrow,
as shown in FIG. 15. In the two-dimensional overhead view,
objects can be represented using a color or grayscale scheme
that indicates heights of certain objects, in order to show the
topography of the objects in the image. As such, a top of
someone’s head may have a different shade or color from a
point lower on the person’s head.

In a further example, the embodiments described above, as
well as height mapping could be used to more accurately
determine queue length (e.g., the number of people waiting in
a line). An exemplary queue is shown in FIG. 16. Because
many of the people occlude others in the line, or blend in with
the other people in the line, standard methods that employ
only camera calibration to detect objects may not be able to
accurately count or locate the number of people waiting in the
line. But with the addition of a direct measurement of dis-
tance, for example, for certain pixels of interest in a captured
image, a system that uses depth information to verify the
classification of potential objects, as well as aheight-mapping
system can better determine the number of people and their
actual location. The actual image (1610) can be then analyzed
as a height map (1620).

A method of performing video content analysis (VCA)
using the disclosed depth sensing VCA system is shown in
FIG.17. As depicted in FIG. 17, in step 1701, calibrated depth
sensing is performed. For example, it may be performed by a
camera device that employs an image capture portion and a
depth sensor portion to determine a depth of certain objects in
the captured image. Based on the depth, and/or other infor-
mation determined based on the depth of pixels associated
with certain objects (e.g., foreground objects), targets in a
video sequence may be detected (step 1702). The detected
targets can then be converted in step 1703 to a height, to
determine the height of the object. The height information can
then be used to assist in detecting whether the object is a
particular target object, such as for example, a person. For
example, an analysis component of the system can determine
whether the detected object is above a threshold height, and if
s0, it can confirm the object as a person to be tracked. In step
1704, the target may be tracked. As a result, in step 1705,
events can be determined based on the tracked target.
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Although certain steps in FIG. 17 are described in a particular
order, the steps need not follow in that order. For example, in
one embodiment, a height map of foreground objects may be
determined prior to detecting targets to be tracked, and based
on the height map and a height threshold, only certain targets
are then selected to be tracked (e.g., a height map may indi-
cate the heights of foreground objects such as people in the
scene, and based on a height threshold such as 4 feet, in one
embodiment, only adults are selected as targets to be tracked).

To implement the system and methods described herein,
various computing and optical components may be used, such
as one or more of the following: a general purpose computer;
supercomputer; a mainframe; a super mini-computer; a mini-
computer; a workstation; a micro-computer; a server; an
interactive television; a hybrid combination of a computer
and an interactive television; a smart phone; a tablet; and
application-specific hardware to emulate a computer and/or
software. These may include one or more processors, one of
more field programmable gate arrays (FPGAs), computer
memory, a computer-readable medium such as, for example,
any storage device used for storing data accessible by a com-
puter (e.g., a processor may perform various algorithms on
data received from a camera device, and a computer memory
can then store the information about the various pixels and
can store results of blob detection, target detection, and event
detection). Examples of a computer-readable medium
include: a magnetic hard disk; a floppy disk; an optical disk,
such as a CD-ROM and a DVD; a magnetic tape; a memory
chip; a solid state storage device; and a carrier wave used to
carry computer-readable electronic data, such as those used in
transmitting and receiving e-mail or in accessing a network. A
tangible computer-readable medium includes computer-
readable media, such as listed above, that are physically tan-
gible. In addition, software may be used in combination with
the computing and optical components to implement the
methods described herein. Software may include rules and/or
algorithms to operate a computer, and may include, for
example, code segments, instructions, computer programs,
and programmed logic. The various computers, cameras, and
other image equipment described herein can be connected
over a network, which may involve permanent connections
such as cables or temporary connections such as those made
through telephone or other communication links, and also
may include wireless communication links. Examples of a
network include: an internet, such as the Internet; an intranet;
alocal area network (LAN); a wide area network (WAN); and
a combination of networks, such as an internet and an intra-
net. The various hardware and software examples described
above are also described in greater detail in the patent docu-
ments incorporated by reference herein.

The depth sensing VCA system described above may have
many uses that are advantageous over prior systems. A num-
ber of these uses are described below.

Retail

In one embodiment, the depth sensing VCA system dis-
closed herein could be used to obtain more accurate people
counting within retail stores (e.g., counting people at entries/
exits as well as checkout lanes). By removing the impact of
shadow, occlusion, and non-human objects (e.g., shopping
carts) in the captured images and video, a more accurate
counting of people entering or exiting the store, or waiting on
line canbe achieved. As aresult, a retail owner or manager can
take appropriate action (calling extra employees to registers,
making changes to work schedules, etc.).

For example, in one embodiment, an overhead mounted
image sensor (e.g., camera device having depth sensing capa-
bilities) is used, such that a combination of sensor calibration
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data and depth data can be used to determine the object’s
physical height. The determined height can then be used to
separate human objects from non-human objects. In addition,
by using the sensor and calibration information, human head
and shoulder patterns can be more reliably detected so that a
more robust human occlusion analysis method can be
achieved.

In another embodiment, store merchandise can be tracked
to determine inventory that needs restocking, items that do
not sell well, etc. For example, depth data can be used to
create a shelf 3D model, which can provide a measure of
items stocked on the shelf space as well as empty space
available on the shelf space. As a result, reduced stock or
removed stock on shelves can be detected and inventory can
be monitored. Similar analysis can be used, for example, in a
grocery store on shelves as well as in other areas, such as a
meat and dairy counter, a produce section, etc. In one embodi-
ment, a shelf monitoring can be used to determine a shelf
clearing action, e.g., when a person takes most or all items
from a shelf, presumably with the intention of stealing. In
certain embodiments, the placement of the image sensor can
be overhead, angled towards the shelves in question or can be
opposite the shelflooking at the shelf itself (with the angle of
the image sensor perpendicular to the wall or structure on
which the shelf resides, or at some offset). The above store
merchandise tracking embodiment takes into account the
angle ofthe sensor to the shelf as well as the angles to the shelf
locations above and below and left to right of the image
sensor.

For example, the depth sensing VCA system can monitor
the shelf emptiness change over time. If the monitored shelf
emptiness measure increases above a threshold within a cer-
tain period of time, the system can set an alarm that a shelf'is
empty or soon needs to be restocked.

Assuming the sensor is perpendicular to the wall or struc-
ture on which the shelf resides, the system can determine
emptiness of a shelf location based on measured depths at
different locations in the image sensor field of view, within
the image sensor’s depth detection resolution tolerances. For
locations that are not directly perpendicular, the system can
take into account the offset angle and distance to determine
perspective which determines the amount of a shelf that is
empty. For example, as shown in FIGS. 184 and 186 in
perspective and overhead views, looking straight on (a), at the
image sensor’s central detection point, the system determines
a gap of 40 cm between the front of the shelf (shelf “g”) and
the next object, which is a back wall. Because the gap is above
aparticular threshold (e.g., a threshold may be set as a known
distance between the edge of the shelf and the wall, for
example 40 cm) the system detects that an item or row of
items at that location on shelf g is missing, so that part of the
shelf is empty. However, as the system examines locations
surrounding that central point, such as, for example shelf f at
the angle shown by (b), the system determines a gap of only
10 cm between the front of shelf f and the next object, which
is not the back wall but is the side of an adjacent item (item
f4). The gap does not meet the 40 cm threshold, even though
part of shelf fis empty. Therefore, the system can account for
the total distance from the image sensor to the front of the
shelf, as well as the distance between the front of the shelfand
the detected object (f4), to determine how many items are
missing from the shelf. As a result, the system accounts for a
different threshold gap size to take into account perspective
based on the distance to the shelf. So in this example, at the
image sensor’s edges of the field of view, the threshold gap
may only be 10 cm to indicate a missing item, or may be 15
cm to indicate two missing items, etc. The example shown in
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FIG. 18 is exemplary only. Other variations, such as different
threshold values, sizes or numbers of objects on each shelf or
in a row on each shelf, etc., may be used to determine if
shelves are empty or are missing a certain amount of items
and need to be re-stocked.

Additional clues can also be incorporated to help improve
performance. For example the shelves can be lined with a
known, distinct color, so visually detected color can be used
in addition to depth information to detect empty shelves.
Alternatively the background shelf color can be used to help
calibrated and recalibrated depth sensing to achieve more
accurate depth measurements.

In one embodiment, the depth sensing VCA system can be
used to monitor carts moving within the store. For example,
the system can sense which carts are full and which are empty.
Monitoring carts can use similar height calculations using the
depth sensor as described above in connection with people.
For example, from an overhead sensor view, a shopping cart
can be modeled as an open 3D box. A cart can be detected by
its equal height rectangle boundaries. The emptiness can be
measured by the average height of its inside area. As a result,
retailers can better estimate what sized carts to supply, and the
average volume of goods per customer. In addition, retailers
can better distinguish between carts and people, and as a
result, can specifically analyze the cart movement, or ignore
the cart movement and focus on people movement.

Detecting whether a cart is full or not can also be used for
loss prevention applications. At self-checkout lanes it may
help to verity that all merchandise was removed from the cart
for scanning. At an exit, it may detect a basket run: a person
pushing a non-empty cart through the exit from the store, but
not from the check out region, hence without payment.

Detecting something spilling out of a cart may also be
helpful, for example, to ensure customer safety.

Reaching Rules

In an exemplary embodiment, depth data and a human
model are used to more reliably detect a human arm and its
movement. For example, reliable detection of an arm can be
used to better detect when a customer reaches across the
counter.

Detecting the arm of a human is important for a range of
applications. In retail, it may include, for example, reaching
over the check-out lane into the till to steal money; taking
items from shelves; or reaching for controlled items, such as
cigarettes. In other environments, such as gaming, it may
include whether players reach to the table when they are not
supposed to. In medical environments, it may include reach-
ing into medicine cabinets, particularly for controlled sub-
stances. Detecting arm motion only based on monocular
vision is error prone, due to shadows, arms or clothing blend-
ing into the background, etc. The proposed combined system
with the addition of depth and 3D information may signifi-
cantly improve performance for these applications.

Shopping Behavior Monitoring

The system described herein can additionally be used to
determine other aspects of shoppers in a retail environment.
For example, it can be used to detect size (and therefore age)
of a shopper, and/or to detect shape and perhaps gender of a
shopper.

The system can also be used to detect location of body parts
and body pose and posture. This is useful to understand shop-
per behavior. For example, it can be used to determine where
shoppers are looking and for how long, whether they are
squatting down to get items on a lower shelf, or reaching up to
a higher shelf, etc. Applications that determine this sort of
customer behavior can include, for example, putting image
sensors all over the store to monitor shopper behavior, putting

20

25

30

35

40

45

18

image sensors on digital signage to monitor shopper atten-
tiveness or shopper demographic information, and putting
image sensors physically on shelves to monitor shopper inter-
action with products on shelves.

Banking

The system described herein can be used for improved
skimmer detection, for example, at ATMs. It can help avoid
errors resulting from lighting changes at ATMs.

In one exemplary embodiment, an accurate ATM machine
surface model can be created using the depth data. The impact
of shadow and lighting change would be greatly reduced.

In an ATM skimmer detection application, a major issue of
the existing approach is the high false alarm rate caused by
shadows on the ATM surface and the display changes of the
ATM screen. By using the depth sensor described herein, an
accurate 3D surface model of the ATM machine can be con-
structed by the VCA system. Shadows or changes on the
screen will not result in changes to the constructed depth
model of the ATM machine, thus only when an actual skim-
mer is installed will there be a detection.

Healthcare

In one embodiment, the depth sensing VCA system can be
used in the health care industry. For example, in hospitals, the
system can be used to monitor beds. In an exemplary embodi-
ment, using an overhead sensor with depth sensing, the sur-
face profile of a bed can be monitored. Human activities such
as sitting up or getting off the bed can be more reliably
detected. A similar detection method can be used for beds in
prisons to monitor inmates. As a result, for either of these
locations, alarms can be triggered and information can be
gathered regarding people awaking and/or getting out of bed.

In the above applications, a goal is to accurately monitor if
aperson is still lying down in the bed. A VCA system without
depth sensing capability would have difficulties to recognize
different types of the human movements on the bed, for
example, to distinguish sitting up from knee up. The depth
sensor may provide very accurate measures on the actual
height of the person, which can help to achieve a reliable
detection, for example, on the following three poses: lying,
sitting, standing.

Gaming

As described above, a depth sensor can be used to better
determine where gamers (e.g., gamblers) are reaching. For
example, in exemplary embodiments, the depth data can pro-
vide a better arm detection and tracking regardless of shad-
ows. Certain embodiments include determining if players are
reaching into “reserved” areas, or if dealers have their hands
where they shouldn’t, and thus may be illegally fixing game
results.

Flow Control

In one embodiment, the depth sensing VCA system can be
used to analyze flow control, such as people moving in certain
directions in a crowd. For example the system can be used to
detect people moving in an opposite direction of a crowd.
That is, using the depth sensor in combination with the cali-
brated camera system, a VCA system can more accurately
determine in a crowd which objects are people and which are
not. This can be particularly useful, for example, in the airport
security monitoring applications. In this scenario, depth data
can be used to better determine whether a human object is
moving toward or away from the sensor.

Falling or Lying Down

In one embodiment, the depth sensing VCA system can be
used to detect one or more people falling, for example, in a
healthcare, commercial, or retail environment. For example, a
single person falling can be detected, and may be related to an
emergency situation (e.g., a heart attack). As a result, an
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appropriate alarm can be activated. In addition, multiple
people falling or lying down can be detected, which may
correspond to a natural disaster or a human-caused catastro-
phe, such as an earthquake, bomb, attack, or other dangerous
circumstance. For example, an abrupt change in depth of a
number of people at the same time may indicate that those
people all fell to the ground at the same time. Furthermore, if
those people then fail to get back up (e.g., depth information
continues to indicate they are on the ground), the system may
determine that an event has occurred that requires assistance
or further attention.

2-Person Rule/Counting, Queue Length

As described previously, the depth sensing VCA system
can be used to more accurately count people who are partially
occluded from the camera view. For example, by using depth
data, the system may only need to monitor the upper part of a
human body to perform the counting. In an overhead sensor
setting, the human head is usually the part with the closest
distance to the sensor, which represents a value peak in the
depth map. The human object can be monitored by detecting
and tracking these depth peaks. As a result, the detection of
people is substantially less likely to be impacted by shadows
and occlusions than in a system that does not include depth
sensing.

Dwell

One embodiment may include an improved way of consis-
tently track a human object for a long time in challenging
scenarios such as crowds or illumination changes.

In an exemplary such embodiment, first, the data from
depth sensor can provide the distance information of each
object which will help obtain a more reliable tracking Second,
the depth data makes some part of the human body easier to be
detected and tracked, such as the human head and shoulder
part. The system can simply detect and track human head
instead of the whole person to avoid the impact of shadow and
occlusions.

In a crowd scenario, by converting a perspective view of an
image into a height map using the depth sensor data as
described above, one can significantly reduce the complexity
of the person detection and tracking because the chance of
target occlusions is greatly reduced. This is also illustrated in
FIG. 16, where in the normal image view, all the persons are
occluding one another, while in the height map, all the human
targets are separated, in which case the tracking and event
detection can become easier and more reliable.

Adult vs. Child vs. Animal

In one embodiment, the depth sensing VCA system can be
used to better count and differentiate objects in different
groups. For example, the system can use height thresholds to
differentiate between adults and children. This may be useful
in retail environments to make more accurate correlations
between sales and number of children present, or may be
useful to determine which products attract greater attention
by adults or children. In another embodiment, the system can
be used in a home security environment to detect movement
of'objects in a person’s home, but to filter out objects under a
certain size, such as cats and small dogs.

Uses for Vehicles

The depth sensing VCA system can be used in various
ways to improve analysis of vehicles. For example, it can be
used to better determine whether vehicles are speeding. The
depth data can be calibrated to physical coordinates in the
scene. Then, using the rate of change of depth for each vehicle
tracked in the scene, the speed of the vehicle can be accurately
calculated to determine whether it is speeding.

Another vehicle application is to monitor parking lots. By
using a depth sensor, a surface model of one or more parking
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lot spaces may be created and monitored. A space emptiness
measurement can be estimated to determine if each parking
space is occupied. Data regarding which spaces are occupied
and which are vacant can be stored and used by a central
monitoring system, and can be used to keep track of parking
lot capacity and availability in real-time.

Inanother embodiment, the depth sensing VCA system can
be used to better count vehicles in general, such as for moni-
toring traffic flow. The system may be programmed to moni-
tor a line segment on the road (e.g., across a road) and to
monitor the depth of any objects at the line segment. When no
vehicles are present, the depth of the road itself (i.e., an
average distance between a depth sensor and the road surface
at the designated line segment) may be determined, and a
pulse, such as a binary “0” may be generated. When the
detected depth of that segment changes (e.g., becomes greater
than a threshold, as a result of a decreased distance between
the sensor and a detected object at the designated line seg-
ment) for a period of time (which may be a short period of
time required for a fast-moving vehicle to pass, or a longer
period of time required for a slower-moving or longer vehicle
to pass) the detected depth may indicate an object on the road
for the period of time. As a result, a pulse, such as a binary “1”
may be generated. The number of “1” pulses can then be
recorded and used for vehicle flow analysis. In one embodi-
ment, a camera and depth sensor are used that have a fast
enough frequency (e.g., frames per second, or depth determi-
nations per second) to accurately count vehicles moving up to
a particular speed.

Depth information can also be used for vehicles to classify
vehicle types at a given location. For example, different
height thresholds can be set for cars versus trucks, or different
widths can be set for cars versus motorcycles or bicycles. The
depth information can also provide a three-dimensional vol-
ume measure instead of only a two-dimensional area mea-
surement, which can more easily distinguish different types
of vehicles.

Theft, Left items

The depth sensing VCA system can be used to more accu-
rately determine theft of items, or left items, in a setting. For
example, a particular facility may have a certain set of items
stored (e.g., a storage facility, store that is closed, etc.). The
depth sensing VCA system can be used in a manner similar to
vehicle flow monitoring, wherein a particular segment or area
of'a scene can be monitored, and an average depth of the area
can be detected (e.g., an average distance between an image
sensor and objects in the facility). If the average depth
changes, for example if it decreases such that the average
distance increases, the system can detect the difference in
average distance, and may determine that an event, such as a
potential theft has occurred. If the average depth increases
such that the average distance decreases, the system can
detect the difference in average distance, and may determine
that an event, such as a potential item left behind has occurred.
This can be used, for example, in airports, train stations, other
transportation facilities or other public areas to monitor for
suspicious items left where they are not supposed to be. In one
embodiment, it can be used to detect rail theft of palettes
removed from the system.

Conveyor Belt: Counting, Detecting People

A model of products on a conveyor belt can be created
using the expected gaps between consecutive items, and the
dimensionality of each item. This model can then be applied
to counting items on the conveyor belt.

Another embodiment can simply detect a 3D surface map,
compare it with 3D background model, do connect compo-
nent on points sticking out, and thus detect items. This can be
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used to count items, but based on size also to determine
unusual items, such as a person on the belt.

The system can be used also for manufacturing process
monitoring, such as detecting discrepancies in items coming
off the conveyor belt. As a result, the system can detect
specifically missing or misplaced items (where gaps are too
small ortoo large), items that are not oriented correctly (based
on dimensionality of an item from the model), belt jams,
tailgating, etc.

Chair Filtering for Occupancy

The depth sensing VCA system can be used to better deter-
mine in a room the number of chairs that are occupied and that
are vacant. This can be used to more accurately determine a
person count in situations where audiences sit in chairs, and to
better plan in real-time for occupancy-related issues. The
chairs can be detected, in one embodiment, based on overall
height (for example, using either maximum height or average
height), and based on other attributes, such as shape, color,
etc.

Leader in a Leader/Follower Setup

The depth sensing VCA system can be used to more accu-
rately determine who is the leader and who is the follower
among two people at a facility.

Scene Change Detection

The depth sensing VCA system can better determine dif-
ferences in scene change detection. For example, a three-
dimensional scene can be created using depth information,
instead of a two-dimensional scene. Using the three-dimen-
sional scene, by looking at two snapshots of a same scene
taken at different time, scene changes between the two
moments can be more accurately determined. The impact of
certain factors, such as shadows, reflections, and illumination
changes will be reduced compared to a system that does not
use depth detection.

Gaze Detection

The depth sensing VCA system can assist in determining
which direction people are looking in, and that information
can be used in different ways.

Lighting Management in Office Buildings

By analyzing whether a person is located in a particular
part of an office building or room, lights can be controlled for
those locations. For example, to optimize the use of lighting
in office buildings for maximum energy efficiency, lights in
unoccupied areas of an office building or home may be turned
off (or dimmed, as per requirements) as soon as the areas
become unoccupied or as soon as no motion is detected in the
room (e.g., if a person in the room falls asleep). Similar
controls can be applied to window blinds. The depth sensing
features described above can be used to more accurately
determine if a person is in a particular location.

In particular, in one embodiment, the lights in an office can
be divided into zones that are slightly overlapping at their
edges. Each zone is controlled by one or more depth sensors
depending on directionality requirements. The lighting con-
trol system can then be programmed per zone to turn on
(brighten) lights when an object (e.g., a person) is detected
within a certain radius around that zone, and turn them back
off (dim) when there are no objects (e.g., people) within that
radius.

Other lighting management can be performed using the
disclosed embodiments. For example, people can be tracked
in a room that includes a television, and if all people in the
room are determined to be seated in front of the television,
then some or all lights in that room can be automatically
turned off or dimmed. In another embodiment, lights can
automatically turn on when a person waves an arm—for
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example, based on detected motion of a person but not
detected motion of other objects.

Odd/Suspicious Behavior

Security personnel are generally trained to look for certain
behavior in people. Using the depth sensing VCA system, the
system itself can recognize these behaviors and trigger alarms
in response. For example, the system can look for erratic
movements by monitoring fast changes in depth due to par-
ticular objects, or can better detect loitering using depth sens-
ing. As another example, a camera sensor can recognize when
a severe change in depth of an object has occurred, such as an
event that coincides with a person covering the camera with
an object to obscure the camera’s view. Such an event can
trigger an alarm.

The foregoing is illustrative of example embodiments and
is not to be construed as limiting thereof. Although a few
example embodiments have been described, those skilled in
the art will readily appreciate that many modifications are
possible in the example embodiments without materially
departing from the novel teachings and advantages of the
present disclosure.

What is claimed is:

1. A video content analysis method comprising:

receiving a video sequence that includes a plurality of

frames, each frame including a video image;

for each frame, receiving two-dimensional (2D) image

data and also receiving depth data;

processing the 2D image data of the video sequence to

differentiate foreground data from background data and
to detect one or more blobs comprised of the foreground
data, the one or more blobs corresponding to one or more
objects, wherein differentiating the foreground data
from the background data is performed without analyz-
ing the depth data;

for each detected blob, using the depth data to determine

whether at least part of the blob corresponds to at least
part of a target by at least (1) mapping the blob to a set of
Z-planes; (2) determining that on at least some Z-planes
the blob is clustered into different blob regions corre-
sponding to two objects separated in space; and (3)
grouping the separated blob regions of the Z-planes into
two physical objects by checking their spatial overlaps,
wherein one of the physical objects corresponds to the
target; and

after it is determined that at least part of a blob corresponds

to at least part of a target, tracking the target and detect-
ing at least one event associated with the target.

2. The method of claim 1, wherein using the depth data to
determine whether at least part of each blob corresponds to at
least part of a target includes: using the depth data to deter-
mine that only part of a first blob corresponds to a first target.

3. The method of claim 2, wherein using the depth data to
determine whether at least part of each blob corresponds to at
least part of a target includes:

using the depth data to determine that part of the first blob

does not correspond to the first target.

4. The method of claim 2, wherein using the depth data to
determine whether at least part of each blob corresponds to at
least part of a target includes:

using the depth data to determine that part of the first blob

corresponds to a second target different from the first
target.

5. The method of claim 4, wherein a first part of the first
blob corresponds to the first target and a second part of the
first blob corresponds to a second target, one of the first and
second target occluding at least part of the other.
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6. The method of claim 2, wherein using the depth data to
determine whether at least part of each blob corresponds to at
least part of a target includes:

using the depth data to determine that a second blob com-

bined with part or all of the first blob correspond to a
second target.

7. The method of claim 1, wherein the 2D image data
includes RGB data for each pixel in the video image.

8. The method of claim 7, wherein only pixels of fore-
ground data are projected onto the set of Z-planes.

9. The method of claim 1, wherein determining whether at
least part of each blob corresponds to at least part of a target
is performed without analyzing depth data associated with the
background data.

10. The method of claim 1, wherein using the depth data to
determine whether at least part of each blob corresponds to at
least part of a target comprises:

using the depth data to determine one or more of a height

and a volume of the blob; and

using one or more of the height and the volume of the blob

to determine whether at least part of the blob corre-
sponds to a target.

11. The method of claim 10, wherein determining whether
the blob corresponds to atarget includes determining whether
the blob is a person.

12. A video content analysis method comprising:

receiving a video sequence that includes a plurality of

frames, each frame including a video image;

for each frame, receiving two-dimensional (2D) image

data and also receiving depth data;

processing the 2D image data of the video sequence to

differentiate foreground data from background data and
to detect one or more blobs comprised of the foreground
data, the one or more blobs corresponding to one or more
objects, wherein differentiating the foreground data
from the background data is performed without analyz-
ing the depth data;

for each detected blob, using the depth data to determine

whether to track at least a first part of the blob as a target;
and

after it is determined to track the target, detecting at least

one event associated with the target,

wherein determining whether to track at least the first part

of'the blob as a target includes:

mapping the blob to a set of Z-planes;

determining that on at least some Z-planes the blob is

clustered into different blob regions corresponding to
the first part of the blob and a second part of the blob
separated in space; and
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grouping blob slices corresponding to the Z-planes from
the first part of the blob to correspond to a physical
object by checking their spatial overlaps, wherein the
physical object corresponds to the target.

13. The method of claim 12, wherein using the depth data
to determine whether to track at least part of the blob as a
target includes:

determining that part of a first blob corresponds to a first

target.

14. The method of claim 13, wherein using the depth data
to determine whether to track at least part of the blob as a
target includes:

determining that part of the first blob does not correspond

to the first target.

15. The method of claim 13, wherein using the depth data
to determine whether to track at least part of the blob as a
target includes:

determining that a part of the first blob corresponds to a

second target different from the first target.

16. The method of claim 15, wherein determining that part
of the first blob corresponds to the second target includes
determining that the first blob corresponds to a first person
and the second blob corresponds to a second person, one of
the first and second person occluding at least part of the other.

17. The method of claim 13, wherein using the depth data
to determine whether to track at least part of the blob as a
target includes:

determining that a second blob combined with part or all of

the first blob corresponds to a second target.

18. The method of claim 12, wherein the 2D image data
includes RGB data for each pixel in the video image.

19. The method of claim 18, wherein only pixels of fore-
ground data are projected onto the set of Z-planes.

20. The method of claim 19, wherein determining whether
to track at least part of the blob as a target is performed
without analyzing depth data associated with the background
data.

21. The method of claim 12, wherein using the depth data
to determine whether to track at least part of the blob as a
target includes:

using the depth data to determine one or more of a height

and a volume of the blob; and

using one or more of the height and volume of the blob to

determine whether the blob corresponds to a target.

22. The method of claim 21, wherein determining whether
the blob corresponds to a target includes determining whether
the blob is a person.



